Abstract Dispersion of backward air parcel trajectories that are initially tightly grouped near the tropical tropopause is examined using three ensemble approaches: "RANWIND," in which different ensemble members use identical resolved wind fluctuations but different realizations of stochastic, multifractal simulations of unresolved winds; "PERTLOC," in which members use identical resolved wind fields but initial locations are perturbed 2°in latitude and longitude; and a multimodel ensemble ("MULTIMODEL") that uses identical initial conditions but different resolved wind fields and/or trajectory formulations. Comparisons among the approaches distinguish, to some degree, physical dispersion from that due to data uncertainty and the impacts of unresolved wind fluctuations from those of resolved variability. Dispersion rates are robust properties of trajectories near the tropical tropopause. Horizontal dispersion rates are typically~3°/d, which is large enough to spread parcels throughout the tropics within typical tropical tropopause layer transport times (30-60 days) and underscores the importance of averaging large collections of trajectories to obtain reliable parcel source and pathway distributions. Vertical dispersion rates away from convection arẽ 2-3 hPa/d. Dispersion is primarily carried out by the resolved flow, and the RANWIND approach provides a plausible representation of actual trajectory dispersion rates, while PERTLOC provides a reasonable and inexpensive alternative to RANWIND. In contrast, dispersion from the MULTIMODEL calculations is important because it reflects systematic differences in resolved wind fields from different reanalysis data sets.
Introduction
The tropical tropopause layer (TTL; spanning approximately 70-150 hPa) is important as the gateway to the stratosphere for chemical constituents produced at the Earth's surface [see reviews by Fueglistaler et al., 2009; Randel and Jensen, 2013] . As such, understanding the processes that transport air through the upper tropical troposphere is important for a number of current scientific issues such as the impact of stratospheric water vapor on the global radiative budget [Solomon et al., 2010; Dessler et al., 2013] and the depletion of ozone by both anthropogenically and naturally produced halocarbons [McElroy et al., 1986] .
Compared to the lower troposphere, transport in the TTL is relatively unaffected by turbulent motion. Consequently, Lagrangian particle models are thought to provide reasonable estimates of parcel pathways through the TTL. As illustrated in Figure 1 , back trajectories that track air parcels from target locations (x 0 , t 0 ), e.g., at the tropopause, to source locations (x s , t s ), e.g., in the planetary boundary layer, are particularly useful because they determine the source of air entering the stratosphere as well as the environmental conditions along its trajectory that determine path-dependent processes (e.g., chemical reactions, photolysis, and phase changes). As a result, these calculations have been extensively used to study distributions of water vapor, ozone, carbon monoxide, bromocarbons, and clouds in the TTL [e.g., Folkins et al., 1997; Pfister et al., 2001; Legras et al., 2003; Bonazzola and Haynes, 2004; Jensen and Pfister, 2004; Fueglistaler et al., 2004 Fueglistaler et al., , 2005 James et al., 2008; Ploeger et al., 2011 Ploeger et al., , 2012 Ashfold et al., 2012; Ueyama et al., 2014; Jensen et al., 2015] .
Unfortunately, there are complications that make trajectory analyses difficult to interpret. A reliable determination of parcel paths requires wind data at high space and time resolutions. Typically, these fields are supplied by "analysis data sets" (operational analysis and reanalysis). However, while analysis data are derived with state-of-the-art fusions of observations with numerical modeling, they are ultimately limited by the space-time sampling of observational networks and are subject to substantial uncertainties-particularly in regions, such as the TTL, where in situ observations are sparse.
The uncertainty of wind fields from analysis data sets is not the only issue interfering with the interpretation of trajectory calculations. A more fundamental limitation arises from the fact that a single trajectory represents the path of a point particle without volume or mass. Without mass, a point particle contributes nothing to chemical concentrations at the target location. Thus, to utilize trajectories to analyze the processes that determine the chemical makeup, we must consider finite volumes of air that are subjected to deformation over time and are better represented by ensembles of trajectories [e.g., Merrill et al., 1985] . Dispersion of such an ensemble both reflects the parcel deformation and quantifies limitations on the space-time scales that can be meaningfully analyzed. This paper is the second of two that address the issue of scale limitations for trajectory analyses. Part I analyzed "multimodel ensembles" of trajectories comprised of calculations using different forcing data and trajectory "formulations" (i.e., diabatic trajectories that are formulated in potential temperature coordinates and kinematic trajectories that are formulated in pressure coordinates) to identify features of parcel source distributions that are robust to analysis uncertainty. That study demonstrated that large-scale features (horizontal scales~30°and larger) are robust provided sufficient time averaging (typically on monthly scales and longer) is applied. To complement the work of Bergman et al. [2015] , this study examines dispersion as it applies to the spread of trajectories that are initialized from within the same "small" region of space (one-grid space of the analysis data; see Figure 1 ). We compare dispersion from three different ensemble approaches using backward trajectories that allow us to obtain insight into the individual roles of the resolved and unresolved wind fluctuations as well as the impact of uncertainties in the analyzed wind fields.
It is important to note that our use of localized initial conditions for our ensembles provides a different context than that of previous studies of dispersion in the upper troposphere and stratosphere [Sparling et al., 1997; Schoeberl et al., 2003; Monge-Sanz et al., 2007; Ploeger et al., 2010 Ploeger et al., , 2011 . Those studies focus primarily on vertical dispersion from "extended" horizontal surfaces, although the Monge-Sanz et al. [2007] study does include meridional dispersion for parcel initialized in a zonally extended equatorial band. Dispersion from localized regions has, however, been discussed extensively in the context of plume dispersion in the lower troposphere using forward trajectories [see reviews by Wilson and Sawford, 1996; Stohl, 1998 , and many of the papers that cite them]. The space and time scales associated with the initial conditions of the ensemble is an important distinction since parcels initiated over an extended region are subjected to a larger range of initial wind variations and, thus, greater dispersion.
Experimental Design, Models, and Input Data

Overview: Experimental Design
We compare dispersion from the three different ensemble approaches illustrated in Figure 2 . The first ensemble of trajectories (referred to hereafter as "stochastic wind" or RANWIND; Figure 2a ) uses stochastic Figure 1 . A schematic representation of ensembles of back trajectories. The black arrows represent trajectories for idealized air parcels from their initial (target) locations (x 0 , t 0 ) to their source locations (x s , t s ). Since isolated trajectories represent paths for point particles that have no mass, these trajectories by themselves provide no useful information regarding the target region. Useful information can be obtained via ensembles of trajectories that define the paths of air volumes (gray shaded areas). Complex wind fluctuations cause ensembles of trajectories from confined target locations to disperse, leading to extended source regions.
Journal of Geophysical Research: Atmospheres
10.1002/2015JD024320
simulations of unresolved wind variability; each trajectory in the ensemble is initialized at the same location and disperses as a result of different random wind fluctuations. RANWIND ensembles consist of 10 members, although tests with as many as 50 members were conducted to investigate the impact of ensemble size on our results. Historically, trajectory models have incorporated a variety of stochastic representations for wind fields. Thomson [1987] utilized wind fields that were purely stochastic with no observational input, while Kahl [1996] applied random perturbations only to initial velocity components. Our calculations are in the spirit of Lagrangian particle models such as FLEXPART [Stohl, 1998; Stohl et al., 2002] that add random perturbations to the analysis wind fields at each time step. However, there are important differences. FLEXPART treats unresolved fluctuations as a diffusive process in which random perturbations are introduced as a Markov process as suggested by Thomson [1987] . Thus, while FLEXPART uses empirically based diffusion coefficients, it introduces unrealistic aspects to wind field statistics (notably to the power spectra) with the Markov process. Our approach, on the other hand, focuses on the statistical characterization of the wind fields, using a multiplicative cascade model that is described further in section 2.3 and in detail in the supporting information that accompanies this manuscript. Our model also introduces unrealistic aspects to wind field statistics but allows us to control the power spectra of the wind fields and explore the sensitivity of our results to specified changes in those spectra. As with FLEXPART, our approach assumes that the random fluctuations of the different wind components (u, v, ω) are independent. This assumption could be problematic for wind fluctuations associated with idealized wave activity. However, since actual wave activity is broadband and formed by the superposition of many individual wave components, particularly at small space and time scales [e.g., Bergman and Salby, 1994] , we expect, but cannot prove, that wave coherence is not a large factor for dispersion statistics aggregated over large space and time scales. Under ideal conditions, in which the resolved winds from the analysis data are accurate and dispersion from the simulated unresolved variability is realistic, dispersion from the RANWIND calculations is physical and represents actual trajectory dispersion of air parcel trajectories initially confined to a volume defined by the smallest resolved scale of the analysis data. As such, it reveals "fundamental" restrictions on the space-time scales that can be reliably analyzed through trajectory calculations. That is, regardless of how accurate the wind fields are, space and time scale limitations arise from the finite resolution of the wind data.
The PERTLOC approach (Figure 2b) calculates trajectories with the resolved wind fields only and obtains dispersion by perturbing the initial locations (latitude and longitude) of the ensemble members by 2°(the resolution of the smoothed European Centre for Medium-Range Weather Forecast (ECMWF) wind fields used to calculated the trajectories; there are nine members in each ensemble). Given the coarse vertical resolution of the analysis data (levels at 70, 100, and 150 hPa), we decided that an analogous perturbation in the vertical would be excessive. This approach is in the spirit of perturbed initial condition ensembles used for weather forecasting [e.g., Leith, 1974; Hamill et al., 2000] and was, to the best of our knowledge, pioneered for trajectory calculations by Baumann and Stohl [1997] . Draxler [2003] concluded that the spread from the perturbed initial location method is as effective at producing dispersion as the methods of Straume [2001] and Warner et al. [2002] who produced trajectory ensembles from the wind fields of ensemble weather forecasts. Dispersion in the PERTLOC calculations results from variations of the resolved flow acting on trajectories initialized within a volume defined by the smallest resolved scales of the analysis data. Thus, PERTLOC approximates the resolved-scale contribution to dispersion in RANWIND, and the comparison between RANWIND and PERTLOC helps distinguish the respective roles of resolved and unresolved variations for dispersion. That comparison also reveals the conditions under which the PERTLOC approach is a viable alternative to RANWIND for simulating trajectory dispersion.
The last approach, MULTIMODEL, employs a multimodel ensemble of trajectory calculations that have identical initial locations but use different wind fields and trajectory formulations (Figure 2c ). These calculations were used by Bergman et al. [2015] to identify robust features of source distributions for air entering the tropical stratosphere. The comparison between dispersion from the multimodel approach and the other ensemble approaches reveals the impact of wind data uncertainty on trajectory dispersion and, thus, complements the analysis of Bergman et al. [2015] by examining how quickly the potential resolution of source features decays with trajectory length. The MULTIMODEL ensemble is comprised of four kinematic and four diabatic trajectory calculations (details in section 2.2) [see also Bergman et al., 2015, Table 1 ].
For this study, we quantify dispersion at each time step as the standard deviation of individual parcel locations from the corresponding ensemble mean. Note that the distance separating two parcel locations on a globe does not uniquely determine how the trajectories of the two parcels have diverged. In our calculations, the angular separation between two parcels cannot exceed 180°, and thus, our measure of dispersion underestimates actual dispersion for long trajectories. The implications of this are discussed in section 3.1. While the ensembles are "local," with each ensemble associated with a small region of space at a specified initial time t 0 (see Figure 1) , our results examine the aggregate dispersion over collections of ensembles. To form these aggregates, we first remove the local ensemble mean from each trajectory and then calculate standard deviations over the entire collection (see details in Appendix A). The results in section 3 utilize two such collections: "tropics-wide" dispersion is derived from the collection of all trajectories initialized in the tropics (30°S-30°N) during each of two seasons, boreal "winter" (trajectories initialized during January and February) and "summer" (July and August), while spatial distributions are derived from seasonal aggregates at each initial location.
Observational and Analysis Data
The primary wind field data source for the RANWIND and PERTLOC calculations is the operational analysis from the European Centre for Medium-Range Weather Forecasts (ECMWF). The high horizontal resolution of these data (0.14°;~16 km at the equator) allowed us to perform preliminary analysis of small-scale wind fluctuations along trajectories (e.g., Figure 3a ; see also the supporting information that accompanies this manuscript). It also allowed us to create a "resolved" wind data set by smoothing the high-resolution data to a horizontal resolution (2°) that is comparable to other analysis data sets while reducing the impact of small-scale damping used to stabilize atmospheric models (evident at high frequencies for ECMWF trajectories; dark gray line in Figure 3a ). Data availability limits our analysis period to times beginning January 2011. This study utilized data from December 2012 to February 2013 and June to August 2013.
The multimodel ensemble uses data created for Bergman et al. [2015] . Wind fields and radiative heating rates are obtained from four sets of analysis data: ERA-interim reanalysis [Dee et al., 2011] produced at ECMWF, NASA's Modern Era Retrospective-Analysis for Research and Applications (MERRA) [Rienecker et al., 2008 [Rienecker et al., , 2011 , the National Centers for Environmental Prediction (NCEP) Climate Forecast System Reanalysis (CFSR) [Saha et al., 2010] , the Global Forecast System (GFS) operational analysis produced at NCEP, and radiative heating rates derived from observed cloud, temperature, humidity, and ozone variability from Yang et al. 
Journal of Geophysical Research: Atmospheres
10.1002/2015JD024320
Preliminary studies that helped us determine constraints on small-scale wind fluctuations were carried out with observations in the upper tropical troposphere during Airborne Tropical Tropopause Experiment (ATTREX) [Jensen et al., , 2016 . Analyses from these studies are described in more detail in the supporting information that accompanies this manuscript. The ATTREX campaigns performed the long-range (~16 000 km), high-altitude (~14-19 km) observations in the TTL with the NASA Global Hawk unmanned aircraft system. Observational estimates of wind vector variability used for our analysis were obtained by the Meteorological Measurement System, which provides data at 20 Hz with an accuracy of 1 m/s and precision of 0.1 m/s [Scott et al., 1990] .
Trajectory Models
The trajectory model used for PERTLOC and MULTIMODEL calculations is the Lagrangian particle model of Bergman et al. [2012] , which is a slightly modified version of the Schoeberl and Sparling [1995] model. The model uses linearly interpolated winds from analysis data to advance the parcel trajectories back in time with the fourth-order Runge-Kutta method at a time step of 22.5 min. To calculate the RANWIND trajectories, we add random perturbations to the analysis wind fields at each time step (reduced to 5 min to ensure that parcels do not travel more than 2°per time step). Based on analysis of upper level winds by Lovejoy et al. [2009a Lovejoy et al. [ , 2009b , we simulate the unresolved wind fluctuations using a "multiplicative cascade" or "multifractal" model.
The trademark feature of a multifractal is the power law dependence of the power spectrum
where u k is the spectral coefficient for wavenumber/frequency k and u 0 is a constant that determines the amplitude of the wind variations. The power law exponent β is a familiar parameter, the appropriate value of which has been debated extensively in the literature [e.g., Tuck, 2010; Lovejoy and Schertzer, 2010]. Figure 3a that small-scale wind fluctuations (or lack thereof) affect the power spectrum at both resolved and unresolved scales.
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Values cited for β typically vary from 5/3 [appropriate for three-dimensional isotropic turbulence; Kolmogorov, 1941] to 3 [appropriate for two-dimensional isotropic turbulence; Kraichnan, 1967; Leith, 1968] . Markov models such as that used by Thomson [1987] have β = 2 at small scales, which is also the value determined for horizontal winds from isopycnal balloon measurements in the lower tropical stratosphere [Hertzog and Vial, 2001] . Based on the work of Lovejoy et al. [2009a Lovejoy et al. [ , 2009b and our own analysis (summarized in the supporting information) of high-resolution ECMWF operational analysis and airborne observations from ATTREX, we use the values β = [β u , β v , β ω ]~[2.4, 2.4, 2.0] for our calculations. The vector components correspond to the zonal, meridional, and pressure components of the wind velocity. We also perform calculations for two sensitivity ensembles: a low-variance (large β) set for which β~[2.8, 2.8, 2.5] and a high-variance set for which β~[2.0, 2.0, 1.5].
Except for special cases (e.g., Brownian motion), the scale invariance of multifractals complicates their simulation because one must simultaneously control the variance at all space and/or time scales. However, the variance of wind deviations σ 2 Δs is related to the corresponding time (or space) separation Δs via
where c is a constant and H is a scaling parameter or "Hurst exponent" and is related to the above mentioned power law exponent via β = 2H + 1. Given the Hurst exponent and the variance associated with a specific space/time separation, the variance associated with any other separation is readily determined. We use the midpoint displacement method of Saupe [1988] that constructs a function starting from the endpoints and then recursively determines interior points one midpoint at a time. Details of this process are provided in the supporting information. Midpoint displacement is only strictly scale invariant for H = 0.5 [e.g., Davis et al., 1994] (we used values in the range 0.35-1.0). However, it has important practical properties that make it straightforward and efficient to implement in the trajectory model. In particular, if we know the values of wind fluctuations at resolved space-time intervals, we can construct a consistent stochastic fluctuation anywhere in the interior with a manageable number of calls to a random number generator. In addition, the parcel displacements that accompany multifractal velocities are a Gaussian random deviate from the value determined from the average of the endpoint velocities-that is, in order to simulate a parcel's displacement perturbation from times A to B, we only need the perturbation velocities at times A and B-we do not need to integrate a dense time series of velocities (note that this also assumes that we have no a priori knowledge of the wind velocities between points A and B). It is important to mention that there are subtle complicating issues to consider. However, for the most part, the resulting errors are literally hidden in the noise. Furthermore, we perform sensitivity tests to understand the impact of uncertain aspects of unresolved fluctuations on our results. The range of variability for these tests is much larger than the small deviations from multifractal behavior introduced by the midpoint displacement method.
While midpoint displacement is a two-parameter model, the small-scale variance σ 2 small is not an independent parameter but is determined by the resolved wind variance and the scaling parameter. We specify the smallscale variance for each wind component from the variance at small resolved scales σ 2 res
where f H has been empirically derived using analysis of idealized multifractals and test runs of the stochastic trajectory model (further details provided in section S2.2 of the supporting information). σ res is precalculated for each analysis data grid location from values at the 25 surrounding horizontal locations (5 longitudes by 5 latitudes). The RANWIND calculations use a time step of 5 min to ensure that the distance traveled by an air parcel in one time step is less than one-grid spacing of the analysis data (2°or~200 km). In order for the midpoint displacement method to determine small-scale parcel displacements that are consistent with integrating wind fields at infinitely fine resolution, the method uses eight random numbers per wind component per time step. As a result, trajectory calculations using stochastic wind fluctuations are approximately 3 orders of magnitude more computationally expensive than those that do not.
Caveats Concerning Simulated Small-Scale Wind Fluctuations
There are many interesting issues regarding the simulation of small-scale wind fluctuations. For this study, it is particularly important to know how well multifractal statistics characterize small-scale wind fluctuations and what values of scaling parameters are appropriate for a Lagrangian frame of reference. The latter issue is Journal of Geophysical Research: Atmospheres 10.1002/2015JD024320 particularly troublesome since there are no observational data available along true Lagrangian pathways. In an attempt to sort through these issues, we performed preliminary trajectories with 5 min time steps using the 16 km resolution ECMWF operational analysis. The initial hope was that these calculations would provide estimates of the appropriate scaling parameter for winds along trajectories. Figure 3a displays zonal wind power spectra averaged over~200 such trajectories (labeled "ECMWF"; black lines) along with those from the three stochastic wind calculations (high variance: light gray; control: dark gray; and low variance: light blue lines). In addition to demonstrating that the stochastic winds have the intended power spectra (note the overlying idealized power laws associated with each RANWIND calculation), Figure 3a demonstrates three important properties of these spectra.
1. The zonal wind power spectrum for the ECMWF trajectories decays more rapidly (β~2.8) than aircraft estimates for horizontal winds from Lovejoy et al.
[2010] (β~2.4 at horizontal scales greater than 40 km) or from ATTREX observations (β~2.3; Figure 3b ) and much more rapidly than isopycnal balloon observations (β~2.0) [Hertzog and Vial, 2001] , which are sometimes regarded as quasi-Lagrangian [e.g., Hertzog et al., 2008] . 2. The addition of small-scale fluctuations that leave resolved scales intact in physical space affects the resolved scales in spectral space. This reflects the fundamental difference between the definitions of space scale in spectral space and physical space. For example, a δ function has an infinitely small space scale in physical space yet has power at all scales in spectral space. It also suggests that the ECMWF spectrum represents an upper bound on the scaling parameter since damping at small scales necessary to stabilize the assimilation model likely steepens the slope of the power spectrum at larger scales (note the precipitous drop of zonal wind variance for log 10 (frequency) > 1.5; black line in Figure 3a ). 3. The power at small resolved to unresolved space scales represents a very small part of the total power of zonal wind (<0.5% for the four trajectory calculations). Accordingly, the results discussed in section 3 will show that dispersion rates from the RANWIND calculations are not very sensitive to a wide range of scaling parameters. Thus, we are confident that, while the above mentioned issues remain largely unresolved, our approach using sensitivity tests adequately deals with them.
Results
To begin, we analyze tropical mean dispersion rates, which provide us with rough estimates of dispersion rates and their uncertainties. We then examine spatial patterns of dispersion rates, in which the geographical location is identified by the initial (target) location of each ensemble. The interpretation of these spatial variations is somewhat obscured by the fact that the dispersion occurs upwind of the target location. Nevertheless, these spatial patterns tell us which parcels at 100 hPa have been subjected to the most dispersion and provide a context in which to compare dispersion from the different ensemble approaches.
For this analysis, we examine ensembles of 20 day back trajectories initiated every 10°longitude and latitude from 30°S to 30°N at 100 hPa, i.e., near the tropical tropopause. The RANWIND and PERTLOC calculations use kinematic trajectories forced by ECMWF wind fields from 2013; the MULTIMODEL trajectories are a mixture of kinematic and diabatic calculations from 2007. The use of kinematic trajectories as opposed to diabatic trajectories for the RANWIND calculations was motivated by the fact that observations of small-scale vertical wind variations to guide the stochastic simulations are available (though limited) while there are no such observations for diabatic heating rates. We performed the analysis for two seasons, boreal winter (January-February) and summer (July-August), although only the winter results are displayed in the figures. Except for the expected seasonal shift of spatial patterns, results for summer are comparable to those for winter and offer no new insights.
The influence of tropical convection can substantially alter dispersion estimates. For example, an air parcel that enters a convective cell will have dramatically different vertical and horizontal displacements than a parcel on a similar trajectory that just misses the cell. In this section, we show dispersion rates based on trajectories that remain at pressures less than 300 hPa. Thus, our analysis characterizes dispersion that occurs in the upper tropical troposphere away, for the most part, from the direct influence of convection. We have performed (but do not show) analyses without this pressure restriction. The relaxation of this restriction results in a large increase (a factor of 5 at 10 days) in the vertical dispersion rates, but horizontal dispersion rates remain essentially unchanged.
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Tropical Average Dispersion Rates
Figure 4 displays dispersion as a function of the trajectory length. Based on 10 day dispersion from the control stochastic wind ensemble, typical dispersion rates for the upper tropical troposphere are 2.7 ± 0.5°/d in longitude, 0.8 ± 0.1°/d in latitude, and 2.5 ± 0.3 hPa/d; the corresponding values for summer are 2.6 ± 0.5°/d, 0.7 ± 0.1°/d, and 2.7 ± 0.4 hPa/d. Uncertainties for these estimates are determined from the differences between the two sensitivity calculations, RANWIND low variance and RANWIND high variance. To put these values into context, the horizontal dispersion rates are strong enough to spread air parcels that are initially confined to a 2°× 2°region throughout the tropics within typical transport times across the tropical tropopause layer (30-60 days). Perhaps coincidentally, these values are similar to trajectory error growth rates cited for lower tropical stratosphere (~60 hPa) based on deviations of trajectory locations calculated with the ECMWF operational analysis winds from balloon locations along isopycnal surfaces [Podglajen et al., 2014] .
Horizontal dispersion for the perturbed initial location calculations is large compared to the stochastic wind calculations for short trajectory times due to their initial longitude and latitude displacements that are not 
Journal of Geophysical Research: Atmospheres
10.1002/2015JD024320
part of the stochastic wind or multimodel ensembles. However, horizontal dispersion for these two approaches converges for longer trajectories (≥15 days). This suggests that, for long trajectories, dispersion is controlled by the resolved-scale winds and that the perturbed initial condition ensemble might be a viable and inexpensive alternative to using stochastic wind perturbations at each time step. Figure 4 also suggests that the stochastic wind calculations are not very sensitive to choice of scaling parameter; note the difference between the two RANWIND sensitivity tests is typically small (15-25%) compared to the control values.
The impacts of artificial restrictions on dispersion are also noticeable. In longitude, the restriction is imposed by the sphericity of the Earth, which limits deviations from the ensemble mean to 180°. In latitude, the potential vorticity gradients associated with the subtropical jets largely confine parcels to within 30°of the equator. In pressure, there are the physical limits placed by the surface and top of the atmosphere and the artificial limit we have placed by confining our analysis to trajectories that remain at pressures less than 300 hPa. These restrictions reduce estimates of dispersion rates (notice the leveling of the dispersion as a function of time) and contribute to better agreement among the approaches for long trajectories.
In an early investigation of trajectory dispersion in the stratosphere, Sparling et al. [1997] examined the time evolution of diabatic dispersion. Based on the functional dependence of the variance of parcel potential temperatures (var(θ) ≡ <δθ(t) 2 >) within an ensemble, they identify different dynamical regimes associated with dispersion; a linear relationship between variance and time (var(θ)~t) is characteristic of a classical diffusion, differential advection results in a quadratic relationship (var(θ)~t 2 ), and (var(θ)~t 3 ) characterizes transient shear dispersion. To place our results into that context, Figure 5 displays time dependence of ensemble variance on a log-log scale. We restrict our attention to the first 10 days of dispersion growth to reduce the impact of the above mentioned artificial constraints. The faint gray lines in each panel correspond to t, t 3/2 , t 2 , and t 3 dependencies. These plots indicate that dispersion growth does not follow any particular power law dependence cleanly. However, there is much more of a tendency toward the differential advection or transient shear regimes than the diffusive regime. Note that the ensemble spread for the PERTLOC calculations remains constant over the first day due to the artificially large dispersion imposed by the initial perturbations.
Spatial Variations
Spatial variations of dispersion rates provide more rigorous comparisons among the ensemble approaches and more readily expose differences among the approaches than the tropics-wide values shown in (Figures 6a and 6d) , the perturbed initial location calculations (Figures 6b and 6e) , and the multimodel ensemble (Figures 6c and 6f) . As with tropical mean longitude dispersion (Figure 4) , the spatial patterns for the RANWIND and PERTLOC calculations agree much better for longer trajectories (compare Figures 6d and 6e ; pattern correlation r = 0.67) than for short trajectories (compare Figures 6a and 6b ; r = 0.19). Examining these patterns at daily intervals (not shown) reveals that correlations between spatial patterns of dispersion rates for these two approaches increase steadily for trajectory lengths 0-15 days and then level off for longer trajectories with correlations remaining at r~0.65-0.70. The spatial agreement for dispersion rates for these calculations and the multimodel ensemble also increases with trajectory length, but noticeable differences are evident even for 15 day trajectories (compare Figure 6f with Figures 6d and 6e) with correlations less than 0.45 for all trajectory lengths we examined (2-20 days). These same features apply also to latitude dispersion (15 day values shown in Figures 7a-7c ) although the corresponding spatial correlations are typically larger than that for longitude dispersion. These results reaffirm conclusions from section 3.1 that horizontal dispersion for trajectories longer than 2 weeks is carried out by the resolved flow and that the perturbed initial location calculations are viable alternatives to the stochastic wind calculations for representing trajectory dispersion. In addition, this analysis reveals that dispersion from the multimodel ensemble is influenced by systematic differences (e.g., which survive seasonal averaging) among the analysis data sets. The improved comparison with the multimodel ensemble for longer trajectory lengths is consistent with the expectation that differences among the analysis
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Certain features in spatial patterns of horizontal dispersion rates can be understood in terms of wind variability; that is, to first order, we expect dispersion rates to be larger in regions where wind variability is larger and wind variability to be larger in regions where the mean winds are strongest. Such an argument might, for example, explain the large dispersion rates at subtropical latitudes (and the associated subtropical jets) in the PERTLOC calculations (Figures 6b, 6e , and 7b), particularly for short trajectories (e.g., 5 day trajectories in Figure 6b ) for which the parcel remains in the vicinity of the target location. But what explains features such as the stronger than average dispersion rates associated with parcels initiated over the east Pacific? To analyze those features fully, we must examine conditions upwind; that is, the spatial patterns shown here are associated with the target locations of the trajectories, whereas dispersion is influenced by wind variability along the entire trajectory and, thus, by winds remote to the target locations. This creates a difficult diagnostic challenge, and to fully understand the dynamics that lead to the spatial patterns of dispersion rates is beyond the scope of this analysis. However, Figure 8 provides some context for such an analysis. That figure displays trajectories from four RANWIND and four PERTLOC ensembles (20 members each to aid the visualization). These four examples Figure 5 . The tropics-wide variance of ensemble spread (the square of the dispersion shown in Figure 4 ) as a function of time on log-log scale. Shown are the first 10 days, before the influence of artificial constraints (such as the surface or the subtropical jets) dominates dispersion rates. The light gray lines indicate slopes corresponding to power law time dependence of t, t 3/2 , t 2 , and t
3
. These short-term dispersion growth rates are consistent with those related to transient shear and differential advection [see Sparling et al., 1997] . The lack of dispersion growth for the PERTLOC calculations over the first day of the calculations indicates that the initial perturbations determine the ensemble spread over that time period.
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demonstrate different dispersion scenarios: two (initiated at 60°E and 240°E) that enter the subtropical jets and experience their greatest dispersion rates remote from the target region, one (120°E) for which the parcels remain in a region of weak horizontal winds and do not, for the most part, travel far from the target location, and one (300°E) for which parcels disperse in opposite meridional directions. Note that, despite the small sample size, Figure 8 also demonstrates the degree to which we can expect different trajectory calculations to agree. Figures 7d-7f ) also display greater pattern agreement between the stochastic wind and perturbed initial location calculations than either has with the multimodel ensemble. However, all calculations display maxima over the tropical continents and maritime continent that are related to distributions of convective activity. As a result, pattern correlations are high (r~0.8-0.9) among the different ensemble approaches for all trajectory lengths we examined. Figures 7a and 7d) , the perturbed initial location ensemble (PERTLOC; Figures 7b and 7e) , and the multimodel ensemble (MULTIMODEL; Figures 7c and 7f) . As with longitude dispersion rates, spatial patterns for the stochastic wind and perturbed initial location calculations agree well with each other but differ noticeably from dispersion patterns from the multimodel ensemble. Spatial patterns of vertical dispersion from all three calculations display the influence of tropical convection.
Vertical dispersion rates (15 day values shown in
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Sensitivity Experiments
To examine the sensitivity of stochastic wind calculations to the specified scaling parameter, Figure 9 displays the spatial patterns of 15 day longitude dispersion rates for the two sensitivity calculations, with the lowvariance (β = 2.8) calculation on the left and the high-variance (β = 2.0) calculation on the right. Spatial pattern correlations of 15 day dispersion rates for the sensitivity calculations are reasonably high (r = 0.64, 0.80, and 0.92 for longitude, latitude, and pressure, respectively), which supports our conclusion that dispersion rates are not very sensitive to changes of the scaling parameter for the stochastic wind calculations. In contrast to correlations among the different ensemble approaches (Figures 6 and 7 ) that increase with increasing trajectory length, correlations among the different RANWIND calculations decrease slowly with increasing trajectory length. This is a natural consequence of the fact that winds driving air parcel trajectories for these calculations are initially identical, with differences introduced slowly over time due to the influence of random small-scale wind fluctuations.
Due to data availability and computational expense constraints, the MULTIMODEL calculations were performed for a different time period (2007) than the RANWIND and PERTLOC calculations (2013) , which makes it difficult to interpret spatial pattern differences. Do they represent interannual variations or do they reflect bona fide differences between the ensemble approaches? To address this issue, we performed eight additional PERTLOC calculations, one for each set of trajectories that comprise the multimodel ensemble. Note that the comparison of different PERTLOC dispersion rates from the eight component calculations of the MULTIMODEL calculations is different than examining dispersion from the MULTIMODEL ensemble; for the former, dispersion results from wind variations within each component calculation and for the latter results from intercomponent wind differences. Figure 10 analyzes 15 day longitude dispersion rates from these calculations in terms of the values averaged over the eight calculations (Figure 10a ) and the standard deviation of their differences normalized by the average value (Figure 10b ). The comparison of the average values to those displayed in Figure 6 for the PERTLOC (Figure 6e ) and MULTIMODEL (Figure 6f ) calculations readily demonstrates that interannual variations are not the primary reason that dispersion rates from the PERTLOC and MULTIMODEL calculations differ; Figure 10a Figures 6, 7 , 9, and 10, which complicated the interpretation of the spatial patterns in those figures; they also reveal the degree to which we can expect the two calculation approaches to agree. Figure 6f (r = 0.50), explaining twice the spatial variance. Furthermore, there is close agreement among PERTLOC dispersion rates from the eight calculations that comprise the multimodel ensemble; the variation of dispersion rates from the models is less than 20% nearly everywhere in the tropics (Figure 10b) . Bergman et al. [2015] examined how trajectories differ from these same models in order to isolate robust features of transport to the tropical tropopause. They found that intermodel variations of parcel densities often (though not typically) exceed 50%. That is, trajectory dispersion rates are more robust than the corresponding parcel paths. Thus, from Figures 9 and 10, we conclude that our estimates of dispersion rates are not very sensitive to either the choice of analysis data or how small-scale wind fluctuations are specified. This finding is strong evidence in support of the contention that our estimates of dispersion reflect a physical property of transport in the upper tropical troposphere and thus represent a fundamental limitation on the space and time scales that can be reliably analyzed using trajectory calculations in the upper tropical troposphere.
Summary and Conclusions
We examined dispersion of backward air parcel trajectories that are initialized in tightly grouped ensembles near the tropical tropopause. The small scale of the initialization region of each ensemble is an important distinction from other recent studies of dispersion in the upper troposphere and stratosphere [e.g., Sparling et al., 1997; Schoeberl et al., 2003; Monge-Sanz et al., 2007; Ploeger et al., 2010 Ploeger et al., , 2011 that initialized ensembles from extended surfaces; in particular, parcels initiated over an extended region are subjected to a larger range of initial wind variations and, thus, more dispersion. In our study, dispersion is quantified by the standard deviation of parcel locations from the ensemble mean and analyzed in terms of tropical averages and as functions of initial parcel locations and trajectory time. Comparisons among three different ensemble approaches allow us to distinguish, somewhat, actual air parcel dispersion from data uncertainty and the role of unresolved wind fluctuations from that of resolved variability.
The first ensemble approach is a Monte Carlo method in which the ensemble members use identical resolved winds but different realizations of stochastic, multifractal simulations of unresolved winds. This approach is in the spirit of Lagrangian particle dispersion models such as FLEXPART [e.g., Stohl, 1998 ] that employ stochastic representations, with simplified physics, to model the complex interactions that determine wind variability at scales unresolved by analysis data. Under ideal conditions, that is if the resolved flow is realistic and the simulated stochastic winds are a reasonable statistical characterization of actual small-scale fluctuations, trajectory dispersion from the stochastic wind calculations represents actual trajectory dispersion from 2°× 2°regions near the tropical tropopause. To estimate uncertainties due to uncertain statistical characterizations of the small-scale winds, two sensitivity calculations were performed; one with small-scale variance at the low end and one at the high end of the range constrained by observational evidence. The second ensemble approach displaces initial locations of the members by 2°in longitude and latitude. This approach is important for two reasons. It calculates dispersion due solely to properties of the resolved flow and is three orders of magnitude more computationally efficient than simulating small-scale wind fluctuations. The third Journal of Geophysical Research: Atmospheres 10.1002/2015JD024320 approach employs multimodel ensemble in which all members use identical initial conditions but different resolved wind fields and/or trajectory formulation. Dispersion from the multimodel ensemble is influenced by systematic differences among the wind fields from the different analysis data sets as well as by properties of the resolved wind fields.
All approaches agree that dispersion rates near the tropopause averaged over the tropics are approximately 3°/d in longitude, 1°/d in latitude, and 3 hPa/d in pressure for trajectories 5-10 days in length. These rates decrease somewhat for longer trajectories but are nevertheless large enough to spread parcels initially confined to a 2°× 2°region throughout the tropics within typical TTL transport times (30-60 days). Tropically averaged horizontal dispersion rates for perturbed initial locations converge to the stochastic wind values for trajectories longer than 15 days while the dispersion rates from the multimodel ensemble are similar to the stochastic wind calculations at all trajectory lengths. Tropically averaged vertical dispersion rates from the three approaches are also consistent; however, it is important to note that vertical motion in these calculations is not well constrained by observational data.
Spatial patterns of dispersion rates were compared among the different ensemble approaches as a more rigorous test of their agreement. Spatial patterns for the stochastic wind and perturbed initial location calculations are very different for short trajectories and become increasingly similar with longer trajectory times. Furthermore, spatial patterns are not very sensitive to changes of the statistical characterization of unresolved wind fluctuations nor are they very sensitive to which analysis wind fields are used or to the choice of trajectory method (i.e., diabatic or kinematic). In fact, dispersion rates from perturbed initial location calculations from the individual models of the multimodel ensemble agree among themselves (to within~20% at nearly all initial locations) better than the corresponding parcel pathways from the different models. These results suggest that dispersion rates are robust features that are reliably simulated by trajectory calculations and lead to fundamental limitations to the ability of trajectory calculations to resolve parcel pathways and source locations; that dispersion in the upper tropical troposphere is, for the most part, carried out by the resolved flow; that dispersion rates from the stochastic wind approach are plausible estimates of actual air parcel dispersion from a 2°× 2°region; and that the perturbed initial location approach can be a viable alternative to the stochastic method. In contrast, spatial patterns of horizontal dispersion rates from the multimodel ensemble differ noticeably from those of the other two approaches for all trajectory lengths analyzed here (2-20 days). Thus, while dispersion from the multimodel ensemble is not entirely physical, it is important because it introduces the impact of wind data uncertainty into the spread of trajectory ensembles.
That parcel pathways from Lagrangian calculations become increasingly uncertain with time and that ensembles are important for estimating this uncertainty have long since been established. Our estimates of dispersion rates underscore that point and provide some guidance for constructing meaningful ensembles in studies of upper tropospheric transport. Our results are consistent with the findings of Draxler [2003] that perturbing initial parcel locations is an effective method for forming ensembles and suggest that multimodel ensembles are also important for estimating the impact of analysis uncertainty on trajectory pathways. Our estimate of horizontal dispersion (~3°/d) corresponds roughly to 3.5 m/s, about 20% of typical wind speeds near the low-latitude tropopause. Thus, we can expect that the uncertainty in the length of a trajectory is also~20%, which translates into a temporal uncertainty of 1 day for every 5 days of transport time. This indicates that ensembles should also have initial time displacements; that is, for each month of transport time in the calculations, one should use an ensemble of parcels initiated over about a week. Perhaps most important are the implications that accompany the suggestion that dispersion from our calculations is a plausible estimate of actual parcel dispersion from a 2°by 2°region. In that case, ensembles are not only important for determining uncertainty but are necessary for determining the actual source distributions for finite volumes of air at the target location.
While our analysis provides plausible estimates of dispersion rates in the upper tropical troposphere, there are unsettled issues that could influence these estimates and should be analyzed further. For example, it would be valuable to better understand what values for the scaling parameters are appropriate for smallscale wind fluctuations along Lagrangian paths and whether it is reasonable to assume that small-scale fluctuations of the different wind components are independent. Perhaps more important are the needs to better understand the effect of tropical convection on parcel paths and to better simulate fluctuations of vertical velocity. For these endeavors, it could be insightful to perform Lagrangian calculations using wind fields from high-resolution atmospheric general circulation models, cloud-resolving models, and large eddy simulations.
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In the mean time, our results serve as reminders that dispersion is a fundamental property of air parcel trajectories that places strong limitations on the space and time scales that can meaningfully be analyzed.
